Machine Learning for
Phase Retrieval

Optical Wavefront Sensing and Control




Application: Optical Systems




Application: Optical Systems
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Space Telescopes
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Cool example




How can Machine Learning help?




Recall




Visualization




Annoying Impertections




How to Quantify?




How to Quantify?




Create Mapping

supervised: vy




Create Mapping
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“Nalve” Architecture
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“Nalve” Architecture
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“Nalve” Architecture

hidden layer
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“Nalve” Architecture

Multi-Layer-Perceptron hidden layer
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Convolutional Neural Net
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Convolutional Neural Net
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Space Telescope Training
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Space Telescope Training

train set




old Standard: k-fold cross validation
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Gold Standard: k-fold cross validation
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Gold Standard: k-fold cross validation
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old Standard: k-fold cross validation

train set

test set




old Standard: k-fold cross validation
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ability to generalize

Pattern Recognition




Star Testing based on

pattern
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Pinched Optics

stress in mount

triangular stars:
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(Generalization

Signal-Noise-Ratio ——
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data / predictions:
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data / predictions:
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Performance

values




Memorization
Performance (look-up table)

values

Underfit Optimal




Hyperparameter Optimization
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Many Choices
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¥ Hidden Layers
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Activation Functions
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How to Solve for Best Hyperparameters”




How to Solve for Best Hyperparameters”

Genetic Algorithm: @ i ﬁ k
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How to Solve for Best Hyperparameters”
Bayesian Optimization:




Bayesian Dropout Optimization




Bayesian Dropout Optimization

zeroing-in: range Is narrowing
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Bayesian Dropout Optimization

3-families of architectures begin to cluster:
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Bayesian Optimization

3-families of architectures begin to cluster:
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Results

Multi-Layer Perceptron:

Mean RMS Error:
210 — 205 nim = 60 B




Results

Multi-Layer Perceptron (optimized):

Mean RMS Error:
448 = A4 mm £ 25 nin




Results

Convolutional Neural Net:

Mean RMS Error:
A/64 =33 nm = 16 nm




Tuning Is Important

MLP: Default




Reinforcement Learning




summary

e Direct Solve methods: overall more accurate
ML can provide better starting points, robust against noise

e ML can be Fast

* Inour application: Unlimited training data




